One of the main issues facing dental implantation, which makes osseointegration and bone remodeling problematical, is a mismatch of mechanical properties between engineered and native biomaterials. Functionally Graded Materials (FGMs) has been proposed as a potential alternative to some conventional implant materials such as titanium for selection in prosthetic dentistry. The idea of FGM dental implant is that the property would vary in a certain pattern to match the biomechanical characteristics required at different regions in the hosting bone. This research presents some important findings for the FGM dental implant design in optimization of material gradient. Due to the nature of the problem, multi-objective optimization methods should apply for solving multi-criteria problems. The Pareto front was determined using the Multi-Objective Particle Swarm Optimization (MOPSO). The obtained results from the MOPSO confirm the results obtained by the Response Surface Methodology (RSM) in addition to offering further improvements.
Introduction
Natural biomaterials often possess the structure of Functionally Graded Materials (FGMs) which enables them to simultaneously fulfill many requirements such as non-toxicity, corrosion resistance, strength, biocompatibility, aesthetic, and so forth. Biomaterials are crucial for life and health in certain cases. Due to having such characteristics, biomaterials form one of the most important areas for the application of Functionally Graded Materials (FGMs).
The dental implant is used for restoring the function of chewing and biting and therefore eating, which is the most vital activity of human beings. The FGM required in the application of human body implant is usually composed of Collagen Hydroxyapatite (HAP) and titanium [1, 2] . In fact, the HAP is a principal component in human bones and related tissues.
The main advantages of using FGM dental implant are: 1) reduction of stress shielding effect on the surrounding bones that usually arises in the presence of fully metallic implants [2] , 2) improvement of biocompatibility with bone tissues [1] , 3) preventing the thermal-mechanical failure at the interface of HAP coated metallic implants [3] , and 4) satisfying the biomechanical requirements at each region of the bone, while enhance the bone remodeling, hereby maintaining the bone's health status [4] . The latter is more related to volume fraction of FGM which is considered in this paper in details.
It has been widely accepted that a mating mechanical property to the host bone should be made in order to prevent stress shielding [5, 6] , promote osseointegration, and bone remodeling [4, 7] . Recently, optimization of the FGM dental implant was studied by Lin et al. [8] using the Response Surface Methodology (RSM) and the results showed that the incompatibility of properties with each other and the need for using multi-objective algorithms to overcome this issue. This paper aims at extending a more realistic FGM design for dental implantation. Using Particle Swarm Optimization (PSO), the multi-objective optimization model was developed to optimize FGM gradient pattern for desirable bone remodeling and mechanical responses. The PSO has proven immense potential for solving optimization problems as they conduct global stochastic search [9] .
Properties of FGM Dental Implant
In this paper, the configuration of FGM dental implant is similar to the patterns given in literature [3, 4] . The material gradient is governed by a power law with parameter m, as shown in Eq. 1. The volume fraction of the two-phase composite FGM dental implant can be obtained from the following equations [2] [3] [4] :
where V c represents the volumetric fraction of HAP/Col (ceramic), V m corresponds the volumetric fraction of titanium (metal), m is a constant to define the variation in material composition, y is the vertical position within the implant region and h is the total length of the FGM dental implant. Fig. 1 shows the schematic view of the FGM dental implant with graded material composition used in dentistry. Furthermore, the Young modulus and Poisson ratio can be determined as [2] :
.
where E 0 is the equivalent Young modulus at different regions of the FGM implant, E c is the Young modulus of HAP/Col, and E m is the Young modulus of titanium. v c and v m are the Poisson ratios for HAP/Col and titanium, respectively. Fig. 2 demonstrates the variation of Young's modulus for diverse FGM pattern. By observing Fig. 2 , y=0 mm indicates the region directly connected to the crown, where the FGM has the richest content of titanium when m=10, while the highest content of collagen HAP is obtained when m=0.1. Therefore, altering m enables us to tailor the property gradient, thereby providing a means to optimizing the remodeling performance induced by the FGM dental implant. 
Design of Optimization Problem
Design of the FGM gradient parameter (m) is expected to maximize the densities and minimize the displacement, which in a form of multi-objective optimization may be represented as [8]:
where f 1 , f 2 , and f 3 represent the objective functions, D cortical and D cancellous are the densities of cortical and cancellous bones, respectively. u(m) denotes the vertical displacement at the top of artificial crown. The polynomial response functions which simulate the behavior of objective functions are given as [8] : 6 
To explore such a multi-objective design, first, the two objective optimization problems of cortical and cancellous densities versus the displacement were optimized. Multi-objective Optimization. Nowadays, due to the multi-objective nature of real life problems, scientists and researchers are interested in multi-objective optimization. Pareto-optimal solutions. The concept of the Pareto-optimal solutions was formulated by Vilfredo Pareto in the 19 th century [10] . For multi-objective problems in most cases, there is no single optimal solution. However, there may be a set of alternative solutions. These solutions are optimal in the wider sense that no other solutions in the search space are superior to each other when all the objectives are considered simultaneously. The set of non-dominated solutions to a multi-objective optimization problem is called as the Pareto-optimal set [11] . PSO for Multi-Objective Optimization. Particle Swarm Optimization (PSO) is an evolutionary computation technique for solving global optimization problems proposed by Kennedy and Eberhart [12] . It is a computation technique through individual improvement plus population cooperation and competition, which is based on the simulation of simplified social models such as bird flocking, fish schooling, and the swarm theory [13, 14] . The PSO has been applied for solving multi-objective problems, known as Multi-objective PSO (MOPSO), due to its simplicity and capability of generating a desirable Pareto set of solutions [9] .
The problem described in Section Design of Optimization Problem was solved by the MOPSO written in MATLAB. The MOPSO was executed 50 times and the obtained averaged results were compared with results obtained from the RSM. The initial parameters for MOPSO were the initial population of 30 individuals, the inertia weight for velocities of 0.9, and cognitive and social components (c 1 and c 2 ) of 1.5. Optimization of Two Objective Functions. The MOPSO was executed on two objective functions, f 3 and f 1 extracted from Eq. 5. Fig. 3 represents the comparison of Pareto front for optimization of two objective functions using the MOPSO and RSM [8] . By observing Figs. 3a and 3b , the same trend is observed. It can be seen that the increase in f 1 , results in f 3 to decrease and vice versa. Hence, the MOPSO confirms the results obtained by the RSM. However, the data ranges obtained by MOPSO do not match exactly with the data range obtained by RSM. The data range given by MOPSO for f 1 is from 0.5169 to 0.5178 as shown in Fig. 3b , while the RSM gives values from 0.5169 to 0.5175 for f 1 (see Fig. 3a ). Similarly, the data range given by MOPSO for f 3 is from -3.9048e-5 to -3.5951e-5 and for RSM for f 3 is from 3.5205e-5 to 3.603e-5. The date range for cortical density function given by MOPSO is almost 33% more than the range obtained by RSM in micro scale. This shows the efficiency of the MOPSO in providing more data range for cortical density than RSM.
The safety factor (acceptance capability) obtained by the MOPSO is 33% higher than the one given by RSM for magnitude of cortical density function. This increasing of data range is interesting for the FGM dental implant design and shows that the MOPSO has surpassed the RSM in terms of cortical density function.
That means the MOPSO enables the designer with a wider choice for design. In general, the MOPSO gives more selection of m for designing of the FGM dental implant with higher displacement compared to the RSM. Accordingly, the MOPSO was applied on other two objective functions (f 2 and f 3 ) given in Eq. 5. The results indicated that the Pareto front is a cluster of points that were gathered in one point representing an optimal solution. Because of the nature of two objective functions and having similar trend to reach the optimal point, only one optimal solution was obtained. The optimal material gradient is taken as 0.27 (m = 0.27). The values for f 3 and f 2 are equal to -3.7775e-05 and 0.8541, respectively. Optimization of Three Objective Functions. The optimization results obtained from the two objective functions may not sufficiently address the full design requirements and, therefore, the three objective functions were developed as given in Eq. 5. Fig. 4 shows the Pareto front for three objective functions using the RSM and MOPSO. From Fig. 4 , the good harmony and similarity between the results obtained by the MOPSO and RSM are observed. Fig. 5. From Fig.  5a , the maximum value for cortical density is obtained for m=0.63. In Fig. 5b , the increase in f 2 leads to increase in m, and hence, decrease in the cancellous density. This indicates that for material gradient 0.1 (m=0.1), cancellous density has the maximum value. In addition, by observing Fig. 5c , when m = 0.1, the displacement has the minimum value. In summary, based upon the obtained results, the optimal range for material gradient is almost varying from 0.1 to 0.63 (0.1 ≤ m ≤ 0.63). 
Conclusions
This research presents some important findings for Functionally Graded Material (FGM) dental implant design in a power law configuration. The research clearly suggests that, a better performance in bone remodeling can be obtained by decreasing the FGM dental implant material gradient (m). The design of FGM gradient parameter is expected to maximize the densities (cortical and cancellous) and minimize the displacement and plays a more important role in design methodology. However, sacrifice may be made when the third criterion of displacement is introduced, which means that an optimal m for bone remodeling may not be the best for stiffness. The problem may be solved by the multi-objective optimization methods. The Pareto front was determined using the Multi-objective Particle Swarm Optimization (MOPSO). The results obtained from the MOPSO confirm the results obtained by the Response Surface Methodology (RSM), in addition to offering further improvements.
The MOPSO optimized the objective functions on a wider data range than the RSM and offered better results with respect to the cortical density function (almost 33% more than RSM). The MOPSO in this case, gives more selection of m for designing the FGM dental implant compared to the RSM. The material gradient varies from 0.1 to 0.63 given by the MOPSO. By considering the point that the scale in the FGM dental implant is in micro, the importance of accuracy in optimization of the FGM implant is understood.
